Shear zones often exhibit anastomosing network geometries. Previous work has shown that the detailed geometries of shear zone networks may partially control strain localization, fl uid fl ow, rheology, and deformation mechanisms. However, there are currently no reliable tools to quantify network geometries such as the distribution of individual small shear zones and the connectedness of the network. Geographic information systems (GIS) provide a potential method for quantifying network geometries. GISbased networking analyses have been used to quantify many different types of other networks, and here they are applied to shear zones. Many parameters within GIS-based networking analyses are useful for quantifying shear zone network geometries, including the connectivity parameters gamma and alpha, sinuosity, and vertex distribution patterns. Sets of these parameters are useful to quantitatively distinguish geometrical patterns of shear zone networks over a variety of conditions. Further quantifi cation of shear zone network geometries may allow us to link those geometries to shear zone mechanisms, strain accumulation, and rheology.
INTRODUCTION

Anastomosing Shear Zone Networks
Ductile shear zones are often described as planar bands of deformed rock surrounded by less deformed rocks (e.g., van der Pluijm and Marshak, 2003) . The term "shear zone" is typically reserved for localized zones that deform in a ductile fashion and focus deformation within a width of rock rather than a discrete surface. Considerable attention has been given to the way shear zones accumulate strain and the small-scale mechanisms by which they do so (crystal plasticity, diffusion, cataclasis). In these pursuits, some researchers have determined that the geometries of shear zones may be of primary importance to both strain accumulation (e.g., Hudleston, 1999) and deformation mechanism (e.g., Fusseis et al., 2006) . In particular, the planar nature of shear zones is often a simplifi cation of an observation at some scale. Commonly, at a variety of scales, shear zones exhibit three-dimensional anastomosing networks ( Fig. 1 ) of highly deformed strands around zones of little or no deformation (Ramsay and Allison, 1979; Bell, 1981; Choukroune and Gapais, 1983; Gapais et al., 1987; Burg et al., 1996; Burg, 1999; Hudleston, 1999; Arbaret et al., 2000; Carreras, 2001; Arbaret and Burg, 2003; Czeck and Hudleston, 2004; Burg et al., 2005; Fusseis et al., 2006) . These networks may be simple or complex and may vary in both space and time.
Based on strain compatibility arguments, Hudleston (1999) suggested that understanding such anastomosing geometries of ductile shear zones may be key to understanding how material continuity is maintained while considerable amounts of bulk deformation are accommodated by interconnected zones of localized shear. Experimental (Bons and Jessell, 1999; Bauer et al., 2000; Mandal et al., 2004) and fi eld (Gapais et al., 1987; Burg, 1999; Burg et al., 2005; Fusseis et al., 2006) observations indicate that such an interconnected geometry might be intimately related to the mode of deformation localization and initiation of ductile shear zones. In addition, shear zone network development has implications for crustal weakening during deformation (Tullis and Yund, 1980) and fl uid fl ow in midlower crustal levels (Selverstone et al., 1991; Streit and Cox, 1998) . Thus, understanding the development and connectivity of shear zone networks is vital for predicting strain accumulation, deformation mechanism, and crustal rheology.
One impediment to understanding shear zone network development is the lack of methods to quantify network geometries that relate strain accumulation or deformation mechanisms to shear zone network development. Clusters of shear zone orientations within a network may be represented on stereoplots or through other methods, but these types of diagrams do not quantify distribution or connectedness of shear zone strands. As an alternative method, features of shear zone networks are put into a relational, spatial database. The method is presented in the context of comparisons of quantifi ed network parameters for shear zones formed at different conditions. This type of analytical geometrical study complements existing techniques of studying shear zones.
Geographic Information Systems as a Tool to Study Shear Zone Networks
In recent years, methods of spatial analyses based on geographic information systems (GIS) have been gaining popularity in the earth and environmental sciences (e.g., Burrough, 2001) . Such methods have been successfully applied to structural geology to analyze spatial relationships between geological structures and economic mineral deposits (Gardoll et al., 2000; Carranza and Hale, 2002) and faults and fractures (Gross et al., 2000; Ghosh and Gross, 2003; Alberti, 2005 Alberti, , 2006 . However, GIS methods for analyzing ductile shear zone geometries have yet to be thoroughly explored. Shear zone networks have geometrical similarities to other networks. Therefore, GIS-based network analyses methods, which have been effectively applied to design transportation (Miller, 1999; Fischer, 2004; Wong and Lee, 2005) , electrical (Fleeman, 1997) , and sewer network systems (Greene et al., 1999; Sinske and Zietsman, 2002) , can also be powerful tools for studying and quantifying characteristics ofanastomosing shear zone systems.
GIS-based Approach to Analyzing Shear Zone Networks
GIS-based tools and methods for network analyses can be readily applied toward shear zone network analyses. These tools are either included in the ArcMap 9.x packages distributed by ESRI (Environmental Systems Research Institute), or are extensions developed independently in ArcView 3.x by Wong and Lee (2005) . These tools allow:
• quantifi cation of linked shear zone segments and intersection points;
• evaluation of the level of connectivity of shear zones within a network;
• quantifi cation of the distribution patterns of shear zone intersection points; and • measurement of shear zone sinuosity. The following sections include brief descriptions and methods for each pertinent GIS analytical networking tool including relevant terminology and mathematical relationships on which each method is based. Next, two sets of shear zone networks that have been documented by previous workers are used as examples for how to apply GIS networking tools to complement existing analytical methods of studying shear zones. The analyses are followed by a discussion of the advantages and shortcomings of each GIS networking tool in light of practical usage for shear zone networks.
METHODS FOR GIS-BASED ANALYSES
The fi eld examples used in this study were scanned and digitized in ArcMap 9.1 at a resolution of 600 pixels/in (2.54 cm) (Fig. 2) or 1200 pixels/in (all others). The digitizing was conducted using the Lambert conformal conic projection, which is appropriate for our examples because it minimizes length distortion in all directions for the middle latitudes. All fi gures were digitized to true scale and a snapping tolerance (the maximum distance allowed between two points before they are joined as a single point) was set based on the scale and the strand widths of the shear zone tracings in the original image. For example, each pixel for the network shown in Figure 2B is equivalent to a distance of 0.042 cm. For that particular fi gure, a snapping tolerance of 5 pixels (0.21 cm) was set to ensure that whenever the end points of two edges come within that distance, they connect to defi ne and share the vertices of the anastomosing shear zone network. Wong and Lee (2005) provided detailed explanations of the terms and mathematical relationships commonly used in GIS-based network analyses. The following section summarizes and provides examples for those concepts most pertinent to the shear zone analyses using GIS-based analyses.
Edges and Vertices
A network database in GIS consists of lines, called links or edges, which are connected together topologically. These lines may be straight or curved, and may or may not have directional information to be considered as vectors. The starting and ending points for each edge are called nodes or vertices. These are the points where individual edges intersect within a network. Thus, every edge has two vertices, regardless of whether it is connected to other edges. When two or more edges intersect at the same point, they share that vertex, thus reducing the vertex to edge ratio with increased interconnectivity of a network. Figure 2 portrays an anastomosing shear zone network described by Bhattacharyya and Hudleston (2001) for a subvertical outcrop striking N35E from the Kebne Dike Complex in northern Sweden. Figure 2A is a photograph tracing that was used as a template for shear zone digitizing where traces defi ne the edges and each edge has two vertices, which may be shared with other edges (Fig. 2B) . By digitizing, shapefi les of polylines to represent the edges of the network are created. Polylines are GIS representations of linear features at a given scale. In our case, we are studying shear zone networks by drawing polylines through the most intense regions of deformation (as evidenced by intense strain or strongest mineral alignment) without regard to shear zone width. Shapefi les are a GIS digital format for storing geometrical location of vectors with associated attributes such as what the vector represents (in our case, shear zones). Similarly, the vertices at the end of the edges were digitized as point shapefi les, which are GIS representations of points in space.
When two or more edges share vertices, it is not as straightforward to defi ne the number of edges and vertices. For consistency, we used the following method in all cases. In Figure  3A , we show two straight lines, AB and CD, as edges, and points A, B, C, and D as vertices. In Figure 3B , the same lines are joined at the vertex D to create a T-junction. In this case, however, in order to distinguish the connected nature of the two lines, we have to consider line AB as a combination of two edges, AD and DB, joined at the vertex D, instead of a single edge. This changes the vertex to edge ratio, creating three edges, AD, DB and CD, to connect the four vertices and thus create a network. In order to consistently distinguish between two cases like those shown in Figures 3A and 3B, we defi ned an edge as the line segment between any two points where two distinct shear zone segments intersect, irrespective of size or width of the shear zones. However, as there was no reliable and consistent way to distinguish between a single curved edge and V-junctions (Fig. 3C) where two or more straight line segments might have been joined end to end to create a connected chain, we considered such possible chains as single edges in order to avoid unnecessary complications in the analyses. Note that it is impossible to know whether this is the best method for digitizing shear zones in order to relate them to features like deformation mechanisms without a priori knowledge of the evolutionary path of a particular shear zone. We chose this method of defi ning edges and vertices for its straightforwardness and reproducibility.
Once the digitizing was completed, the number of edges and vertices for the network (Table  1 ) was calculated used ArcView 3.3 and extensions created by Wong and Lee (2005) . This procedure was followed to defi ne all shear zone networks described here.
Connectivity
The manner in which edges within a network are connected to each other is called the connectivity of the network, and is considered the most important topological aspect of a network (Wong and Lee, 2005) . Many characteristics of a network are highlighted by its connectivity. For example, three schematic networks with increasing qualitative levels of connectivity are shown in Figure 4 . Quantitatively, a network's level of connectivity is determined by the number of vertices, v, and the number of edges, e.
The minimum number of edges (e min ) required to connect all the vertices to form a network is given by:
Networks with e = e min are called minimally connected networks. In cases where e < v − 1, all vertices will not be connected, and as such will not be part of the same network. By removing a single edge from a minimally connected network, it may be broken up into two independent smaller networks. The connectivity of a network can be increased by increasing the number of edges for a fi xed number of vertices. Thus, in Figure 3A , there are four vertices and only two edges, AB and CD, so all vertices are not part of the same network. However, when the edges are joined at vertex D (Fig. 3B) , the number of edges is increased to three, thereby forming a minimally connected network with four vertices and three edges (e min = v -1). The maximum possible number of edges, or e max , for a network is: Thus, as shown in Figure 3D , if six edges, AB, BC, CD, DA, AC and BD, are incorporated in the network to connect the four vertices A, B, C, and D, a maximally connected network will be formed. It should be noted from equation 2 that at least three vertices must be connected to each other in some manner in order to form a network.
Gamma
Gamma is one of two parameters, derived from the number of vertices and edges, used to quantify connectivity. The ratio of the actual number of edges to the maximum possible number of edges with a constant number of vertices is known as the gamma index (γ). Thus, the gamma index is:
For example, using equations 2 and 3, the value of γ, present in the shear zone network shown in Figure 2 is 0.46 (Table 1) . A higher gamma index implies a higher level of connectivity. The maximum value of γ is 1. The minimum value of γ approaches ~0.33 with large values of v. Note, γ cannot be <~0.33 because the number of edges has to be at least 1. While γ is one signifi cant measure of connectivity, it is not suffi cient to fully quantify network connectivity. In Figures 5A and 5B, two schematic shear zones have the same γ, but qualitatively appear to have different levels of connectivity. A visual inspection shows that one of these networks is signifi cantly more open (Fig.  5A ) than the other (Fig. 5B) . Therefore, γ alone does not provide a complete measure of the connectivity because it does not measure the interconnectedness, or number of closed circuits, (2001) present in a network. This overlap in γ values for networks that look substantially different in regards to connectivity can be understood with a graph of γ versus v, where the value of γ has been calculated for minimally connected networks for each v; γ can be high for minimally connected networks where v < 7, reaching a value of 0.67 for a minimally connected network when v = 3 (Fig. 5C ). However, the value of γ becomes relatively constant (ranges between 0.34 and 0.40) when the number of vertices exceeds 7, and asymptotically approaches a value of 0.34-0.35 when the number of vertices exceeds 20 (Fig.  5C ). In order to incorporate the number of circuits or closed loops in the measure of connectivity or a network, the α index is useful.
Alpha
The alpha index (α) measures the number of circuits (or closed loops such as the lozenges in an anastomosing shear zone system) where the beginning vertex and ending vertex are identical. As a circuit provides more than one way to connect any two particular vertices, the presence of a higher number of circuits in a network increases its connectivity. The maximum possible number of circuits in a network is 2v − 5, or e max -e min , where v is the number of vertices in the network. No circuits exist in a minimally connected network. The number of circuits present in a given network can be obtained by subtracting the minimum number of edges required to connect all the vertices in that network from the actual number of edges present in that network.
The alpha index is the ratio of the actual number of circuits, or closed loops, present in a network to the maximum number of possible circuits for that network. Thus, α is defi ned as:
For example, using equation 4, the calculated value of α for the shear zone network shown in Figure 2 is 0.18 (Table 1 ). The value of α varies between 0 and 1 for minimally and maximally connected networks, respectively. Higher values of α correspond with a higher level of connectivity for a network. A negative value of α indicates that all the vertices in the network being analyzed are not connected to each other, and thus acts as a check during network analyses.
Connectivity using α and γ
To calculate α and γ for each of our shear zone network analyses, we created point and polyline shapefi les defi ning the vertices and edges, respectively. The number of edges and vertices and the values of α and γ were calculated using an ArcView extension (Wong and Lee, 2005 ). An informative display of the connectivity parameters is a plot of γ versus α (Fig.  6 ). In this plot, all possible values of γ and α for v = 3, 4, 5, 10, 50, and 100 are shown. We depict lines connecting these possible values so that the trends are apparent; however, v and e are confi ned to integer values. The difference between α and γ varies signifi cantly with small changes of v for low values of v (v < 10). However, for higher values of v, small changes in its value do not signifi cantly alter the calculations for γ and α (the lines become closer together at v > 10).
Assessing the error in α and γ calculations is not straightforward because the calculations rely solely on the accurate identifi cation of edges and vertices. While it is possible that any error in identifying edges and vertices may occur, likely error scenarios are shown in Figure 7 . In Figure 7A an actual network is depicted. In Figures 7B-7E , the same network is depicted with possible misidentifi cations of edges and vertices. Misidentifi cations are likely to occur based on outcrop exposure, outcrop surface topography, or uncertainty due to shear zone thickness. With such misidentifi cations, e and v will vary in predictable fashions; they will both either increase or decrease rather than diverging or converging (see examples in Fig. 7) . Because e and v vary predictably, misidentifi cations will have a lesser impact on calculated α and γ values than if e and v diverged or converged.
To approximate the likely error of α and γ, we present them in Figure 6 with 5% error bars. Within this error range, there are many possible e and v values, encapsulating the e and v values likely to be found due to misidentifi cation. It is less likely that errors would be made with small networks (small numbers of e and v), but such misidentifi cations are more likely to lead to erroneous α and γ. It is more likely that edge and vertex identifi cations would be incorrect for larger networks, but such misidentifi cations will cause very little impact on α and γ because the theoretical paired values for α and γ become closer (the spacing between the lines in Fig. 6 becomes smaller). Thus, the calculations will be robust for well-exposed small networks and larger networks with v > 10.
Sinuosity
Sinuosity (DeMers, 2000) , which is defi ned as the ratio of the length of a line segment and the distance between the end points of that segment measured along a straight line, is another parameter for describing and comparing networks. The minimum possible sinuosity for an edge is 1 (topologically represented by a straight line segment), and there is no maximum potential sinuosity. This attribute can be applied to individual edges of a network and can be used as a basis for comparison between different segments of the same network or between different network systems. Figure 8 shows schematic networks of increasing sinuosity. If the edges of a shear zone network can be approximated by simple straight-line segments, the sinuosity values for those edges will be 1. A higher value of sinuosity indicates increasing topological complexity for that edge.
The sinuosity values for each edge of the shear zone network (Fig. 9A ) shown in Figure  2 were calculated using an ArcView extension (Wong and Lee, 2005) (Fig. 9B) . Sinuosity measurements and their errors depend on accurate length measurements, which in turn depend on the resolution of the digitized images and identifi cation of shear zones (how closely one can identify the area of highest deformation in a wide deformation zone). To estimate the error, we calculated the actual distance represented by one pixel and the mean width, or thickness, of the individual shear zones for each of the digitized images. For the network represented in Figure 2 , the average width of the individual shear zones was fi ve pixels, or 0.21 cm. Therefore, we used a value of ±0.3 cm as the range of error for the length measurements, which was the diameter of the circumscribed circle for a square block of fi ve pixels. Using this potential range of length values in our sinuosity calculations, we obtained sinuosity error estimates, which were typically very small (<0.001, well within the signifi cant fi gures of the numbers given). A similar procedure was used for all other digitized fi gures used for this paper. The mean sinuosity value (1.05) for the edges constituting this network was also calculated. The edges with above-average sinuosity values have been identifi ed and highlighted (Fig. 9) .
Vertex Distribution Patterns
The distribution pattern of network vertices can provide important information regarding the spacing and overall orientation of the interconnected shear zones, how the vertices are dispersed around a central location within the network (mean center), and whether they show an overall directional bias (distributed along one particular direction more than any other direction). We can also determine whether the vertices show a clustered, random, or dispersed distribution pattern.
Each vertex has a coordinate (x, y). Analogous to classical statistical analyses, the distribution and dispersion pattern of the vertices within a network can be analyzed with respect to a central, or average location called mean center. The coordinates (x m , y m ) of the mean center (average location) of the vertices are calculated by averaging the x and y coordinate values of all the vertices in the data set (shown in Fig. 10 along with the locations of all vertices, labeled with a number, belonging to the network from Fig. 2) . The degree of deviation of the vertices from the location of the mean center is given by standard distance, or SD, which is calculated by: 
where n is the number of vertices. SD is visually depicted as the radius of a circle drawn around the mean center for a set of data points (Fig. 10 ).
Shear zone networks can be compared by comparing the size of the standard distance circles. The standard distance circle, however, cannot reveal whether the points within the data set are preferentially distributed along a particular direction. In order to capture any such directional bias, a standard deviational ellipse can be constructed for a point shapefi le (Fig. 10) . In order to construct the ellipse, for each point (x 1 , y 1 ), the coordinates of the mean center are subtracted from the coordinates of the point in the manner
and ′ y 1 = (y 1 − y m ) .
Thus, each point is translated to a new coordinate system in which the mean center is the origin (0, 0). This process essentially calculates the deviation of each point's coordinates from the mean center, and identifi es any direction along which the points may be preferentially dispersed. The standard deviational ellipse is drawn using the directions of maximum and minimum dispersion of the points as the major and minor axes, and its shape depends on the degree to which the vertices exhibit a directional bias. Only the size of the standard deviational ellipse depends on whether 1, 2, or 3 standard deviations were used in its construction: its ellipticity and the orientations of the major and minor axes remain the same. We calculated standard deviational ellipses with 1 standard deviation (the default value in ArcMap 9.1).
In Figure 10 , we constructed a standard distance circle and a standard deviational ellipse for the vertices of the shear zone network shown in Figure 2 . The standard deviational ellipse has a calculated ellipticity of 1.7 with an orientation (rake) of the major axis with respect to the strike direction of the outcrop of 24° from strike of S35W (Table 1 ). The ellipticity confi rms the visual impression that the vertices have a directional bias. As in any statistical analyses, accuracy depends on the size of the data set, or the number of vertices used for constructing the standard deviational ellipse.
The standard deviational ellipse can be used to determine the overall directional bias of the vertex distribution pattern and whether the pattern is nonrandom, but it cannot be used to determine the nature or extent of such nonrandom distribution (whether the pattern is clustered or dispersed compared to a random distribution pattern). Such information can be obtained by conducting a nearest neighbor analysis based on the average distance between vertices and each of their nearest neighbors. The nearest neighbor statistic, or R, is calculated by
where r obs represents the observed average distance between nearest neighbors, and r exp is the expected average distance between nearest neighbors if the points were randomly distrib- nearest neighbors is smaller than the expected average distance between nearest neighbors for a theoretical random distribution (r obs < r exp or 0 < R < 1), then the points show a clustered pattern. With a more dispersed pattern, R values are higher (1 < R < 2.149), with 2.149 being the maximum value (for uniformly spaced data). In order to determine whether the observed vertex distribution patterns are statistically different than a theoretical random distribution, a standardized Z-score (designated as Z R ) is calculated from
where SE r is the standard error of the differences between the observed and expected (for a random distribution) average distances between neighboring vertices. The value of SE r is calculated from
where A is the area of the analysis and n is the number of vertices. This method is similar to a classical statistical method of determining a Z-score for the comparison of two populations (Wong and Lee, 2005) . Thus, if Z R >1.96 or Z R second-order nearest neighbor statistic also indicated a statistically signifi cant dispersed vertex distribution pattern.
EXAMPLES OF ANALYSES
Using the GIS-based techniques described above, basic analyses were conducted on published shear zones in order to demonstrate the approach and suggest some potential applications to make rigorous, quantifi ed comparisons between shear zone networks that (1) formed under different temperatures and (2) deformed to different degrees of strain. In this contribution, analyses are chosen as illustrative examples of situations where quantifying connectivity may help distinguish important characteristics between shear zones that formed under different conditions. In order to rigorously test specifi c hypotheses of shear zone evolution and connectivity, more detailed analyses would be required with precise shear zone digitization and a statistically signifi cant number of measured outcrops.
Shear Zone Networks Formed Under Different Temperature Conditions
Low-and high-temperature shear zones in metamorphosed plutonic rocks in Kohistan Arc, Pakistan (Arbaret et al., 2000; Burg et al., 2005) , are suitable examples for these types of analyses. The anastomosing shear zone patterns from Burg et al. (2005, their Fig. 13 ) shown in Figures  12A and 12B were used as templates. Both of these examples are depicted on vertical planes oriented perpendicular to the foliation plane that contains the bulk shear direction. Visually, these shear zones appear signifi cantly different, and Arbaret et al. (2000) and Burg et al. (2005) asserted that the schematically represented shear zones are typical examples of high-temperature (upper amphibolite facies) and low-temperature (lower amphibolite facies) shear zone networks (Fig. 2) . The standard distance circle and standard deviational ellipse are shown.
<-1.96, the calculated difference between the observed vertex distribution pattern and that of a theoretical random distribution pattern is statistically signifi cant within a 5% confi dence level.
Similarly, a second-order neighbor statistic can be computed by using the distances between second-nearest neighbors. Second-or higherordered statistics can be used to evaluate the vertex distribution pattern at different spatial scales. For example, two different point distribution patterns can be seen in Figure 11 . The distances between nearest neighbors are very similar, but the distance between second nearest neighbors is considerably different. In Figure 11A , the points are locally clustered, but dispersed throughout the analyzed area, whereas the points in Figure  11B are clustered both locally and over the analyzed area.
The above analyses were conducted on the shear zone network shown in Figure 2 , and the results are tabulated in Table 1 . From the results, it can be seen that the fi rst-order nearest neighbor statistic for the analyzed shear zone network was 1.4, indicating that the vertex distribution pattern was dispersed. The standardized Z-score value was 4.21, indicating that the observed distribution pattern was statistically signifi cant within a 5% confi dence level. The results of the found in the region. The shear zones are drawn at somewhat different scales, but are still considered representative network geometries at the two temperatures. Even though both shear zones can be described as anastomosing ductile shear zones, they appear signifi cantly different. These differences are likely due, at least in part, to the different conditions of formation.
Connectivity
The results of the analyses for the low-and high-temperature shear zone networks indicate quantifi able differences between the two (Table 1 ). The α index quantifi es the relative "openness" of the low-temperature shear zone network (low α value) compared to the hightemperature shear zone network (high α value).
The γ values are closer, but the higher value for the high-temperature shear zone network indicates a more connected network with more edges per node. The results confi rm the visual impression that the high-temperature shear zone network has a higher degree of connectivity than the low-temperature shear zone network.
Sinuosity
The sinuosity of each edge was measured (Figs. 13A, 13B ) for both networks (Fig. 12 ) and used to calculate the average sinuosity values. The sinuosity values (Figs. 13E, 13F ) defi ne a range of values that is similar for the two networks. Also, while it is tempting to directly compare the sinuosity of the two shear zones, the sinuosity and related error are scale dependent, so in this case, direct comparison is ill advised. The edges with sinuosity values higher than the average sinuosity value for that network have been identifi ed and highlighted for both networks (Figs. 13A, 13B ). In the hightemperature network (Fig. 13A) , the cluster of shear zones (ID# 12, 14, 15, 162) compose ~74% (20 of 27) of the total number of edges within this network. Similarly, for the low-temperature network (Fig. 13B ), very few (the top two, ID# 1, 3) shear zone segments have sinuosity higher than the average; the rest (9 of 11 edges) are topologically simple.
Vertex Distribution Patterns
The standard distance circles and standard deviational ellipses for the high-and lowtemperature shear zone networks are shown in Figures 13C and 13D . The ellipticity values and orientations with respect to the bulk sense of shear for both standard deviational ellipses are tabulated in Table 1 . The results of the fi rst-and second-nearest neighbor statistics calculated for both networks are also included in Table 1 .
Strain Magnitude and Shear Zone Networks
Carreras (2001) provided two examples of shear zone networks from the Cap de Creus region in Spain (Figs. 14A, 14B ). The anastomosing shear zone patterns (Figs. 14A, 14B ) that were used as templates for our analyses have been modifi ed from Carreras (2001, his Figs. 15 and 16, respectively) . These shear zone networks were mapped on aerial photographs, and as such they may contain small topographical distortions. Carreras (2001) asserted that the network with two distinct sets of shear zones shown here in Figure 14A represents an earlier stage of shear initiation and deformation, and that those two sets of shear zones gradually became subparallel with continuing deformation, as shown in Figure 14B . We quantifi ed and compared the characteristics of these two networks representing two distinct stages of progressive deformation. It should be noted that unlike the previous examples, these networks are "fragmented," or all the vertices and edges created by tracing over the corresponding digitized images did not belong to a single network. Network analyses were completed on the largest continuous network for both cases, leaving out isolated shear zone segments and smaller disconnected networks.
Connectivity
The results of the analyses for the early and advanced stage shear zone networks indicate quantifi able differences between the two (Table  1 ). The differences are likely to be signifi cant because the network has v > 10. The value of the α index for the shear zone network formed at an earlier stage of deformation (0.09) is higher than that for the network formed at an advanced stage of deformation (0.06), indicating that the low-strain shear zone network is relatively more connected compared to the high-strain shear zone network. The γ values are closer, but the slightly higher value for the low-strain network (0.39) corroborates the indication that it is a more connected network with more edges per vertex than the high-strain network (γ value = 0.38).
Sinuosity
The sinuosity of each individual edge (Figs. 15A, 15B) was measured (Figs. 15E, 15F ). Note that these shear zones are drawn to the same scales and digitized at the same resolution, so the sinuosity values may be directly compared. As described in the methods, we used a statistical approach based on pixels to calculate the likely errors, and all are less than the signifi cant digits of the numbers given. The range of sinuosity values is greater for the highstrain shear zone compared to the low-strain shear zone. The average sinuosity values for individual edges are relatively close (within the standard deviation), but the edges belonging to the low-strain network have slightly higher average sinuosity (1.04) than those belonging to the high-strain network (1.03). As before, the edges with above average sinuosity values have been identifi ed and highlighted for both networks (Figs. 15A, 15B ). Only about a third of the edges show above average sinuosity for both low-strain (44 of 135 edges, or 32%) and high-strain (39 of 140, or 28%) networks. There is no apparent clustering of topologically more complex shear zone segments that can be determined for either network.
Vertex Distribution Patterns
The standard distance circles and standard deviation ellipses for the low-and high-strain networks are shown in Figures 15C and 15D . The ellipticity values and orientations with respect to north are tabulated in Table 1 . It can be seen from Figures 15C and 15D that the vertices in the high-strain network show a more pronounced directional bias (trending northwest-southeast) than the low-strain network. However, the results of fi rst-and second-order nearest neighbor statistics indicate a prominent clustered pattern of vertex distribution for both shear zones (Table 1) .
DISCUSSION
In the two cases illustrated here (contrasting temperatures and strain magnitudes), we calculated several networking parameters in order to quantify aspects of shear zone geometries. In both cases, some of the parameters proved to be useful in distinguishing the networks. Our examples are meant to demonstrate the potential of the GIS networking analyses and are certainly not suffi cient to draw defi nitive conclusions about the relationships between the GIS network parameters and strain or temperature. However, preliminary ideas from our limited data set may suggest ways more detailed analyses with more data could be used.
In natural examples, it is unlikely that a single deformation parameter can be isolated. For example, in the low-versus high-temperature example, many additional parameters such as strain rate, accumulated strain, and fl uid fl ow may also vary between the two shear zones. It is unlikely that variations in a single GIS parameter could be conclusively linked to a single natural condition like strain, temperature, or deformation mechanism. However, with more quantifi ed studies, patterns of GIS parameters may be linked to shear zone evolution, strain accumulation, or deformation mechanisms, allowing us to determine how or if the geometries of networks affect shear zone evolution. We envision GIS network analyses to be complementary to other shear zone study techniques. For example, a study that included both GIS network analyses and microstructural analysis could potentially elucidate the relationship between network formation and a switch in deformation mechanism.
Quantifying evolving network characteristics with increasing deformation may potentially yield vital information regarding bulk rheology of deforming material. Studies by Holyoke and Tullis (2006) have demonstrated the connection between progressive interconnection of weaker phases and strain localization. GIS networking tools may provide a means to study the connectivity of weaker phases or discrete ductile shear zones.
For both the low-versus high-temperature and the low-versus high-strain examples, the connectivity parameters (α and γ) and the standard distribution ellipticities seem to be the most useful characteristics for differentiating the geometrical differences between the two shear zone network types. In future studies, the sinuosity may be equally, or more, helpful, but it is premature to tell.
The method documents different connectivity parameters at low versus high strain and low versus high temperature. While defi nitive interpretations are premature, these connectivity parameters may elucidate network evolution. The connectivity differences in the low-versus high-strain example are likely to relate to the shear zone development. The low-strain network has more minor shear zones, which presumably started as conjugate shear zones connecting the more dominant shear zones. The presence of these conjugate shears results in a more connected network than the one at higher strain. In the higher strained example, the progressive deformation caused minor conjugate shear zones to rotate into parallelism with the major shear zones or become inactive, resulting in a more open network. The meaning behind the connectivity differences in the low-temperature versus high-temperature example is less straightforward. More examples of high-versus low-temperature shear zones will need to be studied in this manner. The low-versus high-temperature case does have a signifi cant difference in γ, but the lowversus high-strain example does not. This may be due to the relative differences in connectivity between the networks. If higher strain has the effect of causing individual shear zone strands to rotate into parallelism, the measured shear zones may become thicker as they coalesce, and consequently will lower the connectivity. There may not be a simple relationship between temperature and the connectivity parameters.
While the sinuosity did not seem to vary signifi cantly for these examples, the range of sinuosity values and the average sinuosity may also be useful in studying geometrical variations within a single network. It should be noted that with an increasing number of edges within a network, the average sinuosity tends to decrease closer to 1. Thus, the average sinuosity may not be the best comparative parameter, but the range and distribution of edge sinuosity values may be more useful.
The standard deviational ellipses varied signifi cantly in all examples. The increased ellipticity between the low-and high-strain examples may be due to increased parallelism of the shear zones with increased strain. Further studies with more examples of shear zones during progressive strain would be useful to determine if this change in ellipticity continues through all stages of deformation and whether it is gradually progressive or step-wise in nature. The decrease in ellipticity with increasing temperature may relate to different deformation mechanisms operational at the different conditions. Further studies with more examples of shear zones at a range of temperatures would be useful to test this hypothesis.
The low-strain shear zone network (Fig. 15C ) has a relatively low ellipticity value for the standard deviational ellipse, but the vertex distribution is fairly highly clustered as demonstrated by the Z-score. Also, the ellipticity for the lowtemperature (Fig. 13C ) and the high-strain networks (Fig. 15D) are similar, but the fi rst has a highly dispersed pattern and the second shows a clustered pattern. With further analysis, one may be able to relate the clustering of vertices to certain groups of parameters (e.g., strain, temperature). Thus, the nearest neighbor analysis provides an additional parameter that can distinguish between different shear zone network geometries.
Challenges
One challenge in generating shapefi les from natural shear zones is that the thickness of the shear zones may make it diffi cult to precisely pinpoint the locations of edges and vertices. While it is possible to generate different shapefi les from a single outcrop, the differences in the resulting parameters such as α, γ, average sinuosity, and vertex distribution ellipse may not change signifi cantly. Thick shear zones may lead to the misidentifi cation problems shown in Figure 7 . Through careful repeated analysis using different shapefi les, the possible differences could be tested.
Outcrop exposure poses another challenge to generating accurate shapefi les from natural shear zones. One issue with exposure is the nonplanar nature of the outcrop surface. If the surface has some irregularities, the precise locations of edges and vertices and edge lengths may be diffi cult or impossible to project onto the two-dimensional GIS shapefi le. This may lead to error within the α, γ, and sinuosity parameters. The noncontinuous exposure of outcrops also can pose diffi culties because the entire network is not displayed. The nonplanar or noncontinuous natures of the outcrop should be taken into consideration when performing shear zone connectivity analyses.
Advantages of GIS-based Network Analyses
The stages of initiation and development of shear zone networks at various conditions are not yet fully understood, and convenient means of quantifying and describing such networks have yet to be developed. GIS and the spatial statistical tools developed for GIS have been reliably used to defi ne, describe, and compare transportation and utilities networks, and application of these tools to shear zone studies is relatively straightforward. The methods of obtaining and using α and γ indices, sinuosity, and vertex distribution patterns of networks are readily usable for shear zone studies.
GIS-based network analyses may have significant benefi ts in quantifying shear zone arrays. ArcMap 9.x software packages are designed for analyzing raster-based images such as remotely sensed data or aerial photographs. Any fi eld tracing, map, or aerial photograph of shear zone networks digitized to be compatible with ArcMap software can be used as a template. The editing tools with "snapping" capabilities ensure that the traced edges and vertices connect properly, thus minimizing analytical errors. As long as the projection system is dimensionally stable over the area of interest, the techniques can be used to analyze shear zone networks described from different parts of the world, as well as to networks exposed on horizontal or vertical outcrops, thus giving a uniform basis for comparing network characteristics. Moreover, such analytical techniques can also be applied to previously described and mapped networks.
GIS-based techniques are more useful than standard image analysis software for network analyses because GIS has the capabilities of separating edges that have connecting vertices, whereas common image analysis software, such as NIH Image (the public domain image processing and analysis program for the Macintosh, developed at the National Institutes of Health), may group all connected edges together and analyze them as a single entity instead of a network (Streit and Cox, 2002) .
The same GIS-based tools could be used in many aspects of structural geology. For example, fracture networks are clearly candidates for similar studies. The quantifi cation of the interconnected nature of fracture networks may be especially useful for studies of fl ow patterns of groundwater or hydrocarbons. Tectonite fabric studies may also benefi t from GIS-based spatial analyses.
Disadvantages of GIS-based Network Analyses
While GIS offers great tools for quantifying two-dimensional (2D) spatial data, it holds less promise for quantifying 3D spatial data. Shear zone networks are often 3D, so this is a limitation of the technique. It is possible to analyze several 2D slices of spatial data, providing a quasi-3D analysis, but true 3D spatial statistics are not possible in GIS at this juncture. Most shear zone data that have been collected thus far do not have the detail needed to utilize all capabilities of GIS-based analyses. Future detailed mapping techniques with precise global positioning system (GPS) measurements will be ideal for such analyses.
CONCLUSIONS
The examples of different types of network and spatial statistical analyses provided here show the potential applicability of GIS-based techniques for quantifying, describing, and comparing shear zone networks. In these examples, there appears to be a correlation between the network characteristics of anastomosing shear zones and the deformation conditions under which they develop. GIS-based networking and spatial statistical analyses may also have potential applications to deciphering kinematics of deformation, spatial differences in shear zone networks, and shear zone network development.
In order to fully utilize these techniques, very detailed fi eld mapping of shear zone networks is required. High-precision GPS, LIDAR (light detection and ranging), and other technologies should be useful to enhance the mapping. It is likely that shear zone network development refl ects more than one condition such as temperature, strain, strain rate, and fl uid fl ow, and all of those parameters may evolve during progressive deformation. Therefore, correlating just one factor to network parameters is unrealistic. However, if the networks can be quantifi ed, more information about shear zone deformation can be obtained. Even though it is premature for correlations between shear zone geometries and mechanisms or kinematics to be drawn conclusively, the approach described here warrants further exploration.
